Supplementary Information Text S1. Review of patch size, isolation and species richness. A variety of approaches have been used to explore the relative importance of small fragments of habitat in fragmented landscapes, though empirical studies directly addressing the question are sparse, and results surprisingly mixed. Landscape ecology studies tend to reinforce the importance of large tracts of intact land for creating internal habitats that harbor species with particular requirements typically rare in the landscape (1) . Similarly, classic results from metapopulation ecology highlight the role of patch size in mediating local extinction risk (2) . But the evidence does not all point in one direction (3) (4) (5) . Williams et al. (6) studied populations of rare and threatened plants in fragmented landscapes and found that "area and isolation had little effect on the probability of local extinction". Fischer & Lindenmayer (7) studied the distribution of bird species in two fragmented landscapes in Australia; patchy natural forests embedded in a matrix of exotic pine plantations, and natural forest fragments in a matrix of cleared agricultural landscape. They found that over 90 species of birds in a local region were not confined to large patches, though there was no quantitative comparison of the relative conservation importance of small and large patches. Radford et al. (8) analysed bird species richness as a function of proportional vegetation cover in fragmented landscapes and found that richness declined rapidly when the proportion of regional tree cover dropped below 10%, though this study did not explicitly address the relative importance of patch size and location for bird species richness in those landscapes. The role of scattered trees and small isolated habitat patches in conserving biodiversity in fragmented landscapes is well articulated, though conclusions are drawn from relatively small-scale analyses of particular groups of species (18) . Tulloch et al. (9) analysed the spatial distribution of major vegetation types in Australia and found that 22% were represented in small patches (<1000 ha) in over half of their extent, highlighting the importance of addressing how small patches are dealt with in the policy context, though they make no attempt to quantify the relative conservation value of small and large, or connected and isolated patches. Harrison (10) found that although endemic local (α) plant diversity was lower on isolated California serpentine patches than equal sized patches within large continuous serpentine outcrops, among site diversity (β) was higher among the isolated patches than patches within the larger outcrops. Ogle et al. (11) provide evidence for the importance of small, isolated patches based on specific ecological circumstance in which sensitive species were less susceptible to damage from feral pigs in small patches. A further set of studies have been synthesized to better understand the traits that predispose individual species to be particularly sensitive to fragmentation (20, 22) , though these provide no specific quantification of the relative importance of small versus large patches. Disagreement exists in the literature about the relative importance of habitat loss, fragmentation, and patch shape in driving biodiversity loss or persistence (4, 5).
S2. Supplementary methods.

Input data and statistical modelling code
All raw data inputs to this study and R code used in data handling and statistical analysis are available at the University of Melbourne figshare site: https://doi.org/10.26188/5bf75966a7e78
The folder /data_for_web/ contains all Zonation prioritization maps for the case study locations listed in Table S2 . Independent variables in each study location were generated from vegetation maps for each of those locations. The patch stats and buffer variables are available in the same location with prefixes 'patchid', 'patchstats' and 'Buff' respectively with a number corresponding to the case study location. Case study codes are given in 'study_locations.csv'.
The same folder contains an R workspace 'data_for_web' and into that workspace, the full set of scripts can be loaded 'small patches model -FINAL.R'. Steps in the data loading, manipulation, and modelling can be found in that script with comments indicating the purpose of each line of code. Studies were chosen so that no arbitrary patch size or isolation settings were used to calculate priorities. In one case (Melbourne) the published study used a 'boundary quality penalty' multiplier that biased priorities toward larger, intact and less isolated patches of habitat. This analysis was re-run to compute priorities without that penalty applied. All Zonation prioritization maps are available via the figshare link provided above. Table S2 . Patch metrics used in statistical analyses. Each of the metrics described in this table were mapped for the case study regions based on vegetation mapping in the region. These metrics were used as surrogates of vegetation patch size, fragmentation and isolation. Apart from Vegetation in 5km radius, all variables were based on those defined in the FRAGSTATS package (v4) (29) . The size of the vegetation patch, including only those cells that are surrounded by other cells of that patch (i.e., excluding edge cells). Thus, core area refers the interior area of patches after a user-specified (here, 1 cell deep) edge buffer is eliminated. The edge buffer represents the distance at which the "core" or interior of a patch is unaffected by the edge of the patch. Core area = 0 when every location within the patch is ≤1 cell from the edge.
*
Core area index
A relative index that quantifies core area as a percentage of patch area (i.e., the percentage of the patch that is comprised of core area). The index = 0 when the * (%) [0-100] patch contains no core area, and it approaches 100 when the patchbecause of size, shape, and edge widthcontains mostly core area.
Number of core cells (n)
The number of cells in the core area; that is, those cells that have no length along the edge of the patch and are only adjacent to other patch-cells (see above for more details on the definition of "core area"). An index of patch shape, fractal dimension reflects shape complexity across a range of spatial scales (patch sizes). A fractal dimension greater than 1 indicates a departure from simple, Euclidean geometry (i.e., an increase in shape complexity). The index approaches 1 for shapes with very simple perimeters such as squares and approaches 2 for shapes with highly convoluted perimeters. Preferred over perimeter-area ratio because it is not scale dependent.
The patch perimeter (m) divided by the square root of patch area (m 2 ), adjusted by a constant to account for a square standard. This metric of shape complexity gives an idea of the irregularity of the shape of the patch. When the index = 1 the patch is a square, and the index increases as patch shape becomes more irregular. Unlike the perimeter-to-area ratio, this index does not change with the size of the patch. Additional statistical modelling method details and raw model outputs R code for statistical modelling is available at the Figshare weblink provided above.
However, some raw model outputs are provided here to simplify access.
The full model fitted after backward selection using the StepAIC function is summarized here: 
Computing the auto-covariate for inclusion in regression modelling
The presence of residual autocorrelation indicates a breach of the independence assumption of linear models (30) . The use of an autocovariate is often proposed as a means of alleviating residual spatial autocorrelation in linear models and GLMs (31) . An autocovariate value was computed for each cell in the landscape as a weighted sum of the dependent variable (conservation value) in the cells surrounding the focal cell. This calculation was conducted using the spdep library in R (32) . This calculation was undertaken for each case study separately as it was assumed that the neighborhood of influence relevant to the calculation of autocovariate values did not extent across case study borders, though this may not have always held in the European case studies.
Plots of raw and residual autocorrelation (correlograms) for each study location are provided in the file 'auto_plots.pdf' in the online material at the Figshare website. These indicate quite clearly that residual spatial autocorrelation, measured using Moran's I calculated on model residuals for each case study except for Madagascar, was either zero or minimal across the short lag distances over which autocorrelation is normally strongest. Residual autocorrelation in the Madagascan case study remained significant, if relatively weak (I~0.4), at the shortest lag distance only. A sample of four are provided here (Fig. S2) for indication, including the Madagascar plot which was the only case study in which inclusion of the autocovariate in GLMs was unsuccessful in bringing residual autocorrelation to zero. 
